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 OPTIMAL CUT-OFF SCORE
TO CORRECT TYPE I ERRORS*
Mohamad Iwan
This research examines financial ratios that distinguish be-
tween bankrupt and non-bankrupt companies and make use of those
distinguishing ratios to build a one-year prior to bankruptcy
prediction model. This research also calculates how many times the
type I error is more costly compared to the type II error. The costs
of type I and type II errors (cost of misclassification errors) in
conjunction to the calculation of prior probabilities of bankruptcy
and non-bankruptcy are used in the calculation of the ZETA
c
 optimal
cut-off score. The bankruptcy prediction result using ZETA
c
 optimal
cut-off score is compared to the bankruptcy prediction result using
a cut-off score which does not consider neither cost of classification
errors nor prior probabilities as stated by Hair et al. (1998), and
for later purposes will be referred to Hair et al. optimum cutting
score. Comparison between the prediction results of both cut-off
scores is purported to determine the better cut-off score between the
two, so that the prediction result is more conservative and minimizes
expected costs, which may occur from classification errors.
This is the first research in Indonesia that incorporates type I
and II errors and prior probabilities of bankruptcy and non-
bankruptcy in the computation of the cut-off score used in perform-
ing bankruptcy prediction. Earlier researches gave the same weight
between type I and II errors and prior probabilities of bankruptcy
and non-bankruptcy, while this research gives a greater weigh on
* This is a short version of my skripsi (undergraduate-level thesis) at the Faculty of Economics
Gadjah Mada University chaired by Prof. Dr. Jogianto Hartono. I would like to express my sincere
thanks  for very helpful  comments  and  supports  during the writing of  the  skripsi  and  this  paper.
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type I error than that on type II error and prior probability of non-
bankruptcy than that on prior probability of bankruptcy.
This research has successfully attained the following results:
(1) type I error is in fact 59,83 times more costly compared to type
II error, (2) 22 ratios distinguish between bankrupt and non-
bankrupt groups, (3) 2 financial ratios proved to be effective in
predicting bankruptcy, (4) prediction using ZETA
c
 optimal cut-off
score predicts more companies filing for bankruptcy within one year
compared to prediction using Hair et al. optimum cutting score, (5)
Although prediction using Hair et al. optimum cutting score is more
accurate, prediction using ZETA
c
 optimal cut-off score proved to be
able to minimize cost incurred from classification errors.
Keywords: bankruptcy prediction; legal bankruptcy; stock based insolvency; type
I  error;  type  II  error;  ZETA
C




firms  in  the  risk  of  experiencing  fi-
nancial  distress  or  even  bankruptcy.
Prediction error towards  the continu-
ity of an entity in the future can cause








ability  of  rejecting  the  true  null  hy-
pothesis. Type II error is shown by b,
means  the  probability  of  failing  to
reject  a  false  null  hypothesis.  If  the
prediction  performed  is  a  prediction
about  whether  a  firm  is  to  file  for




for  bankruptcy.  Type  II  error  on  the
contrary  predicts  a  firm  to  file  for
bankruptcy while in fact the firm does
not file for bankruptcy. Although both
types  of  prediction  errors  inflict  a
certain amount of financial loss, Type
I errors inflict a greater financial loss
compared  to  that  of  Type  II  errors.





Hitherto,  there  are  no  theories
that  affirm  definitely  what  financial
ratios must be used in predicting bank-
ruptcy. Ratios used in predicting bank-
ruptcy  can  vary  among  different  re-
searches.  It  is  merely  the  subjective
consideration  of  the  researcher  fol-
lowed  by  statistical  verification  on
financial  ratios  applied.
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developed  by  Machfoedz  (1994)  are
used to distinguish between bankrupt
and non-bankrupt groups. The distin-
guishing  financial  ratios  are  eventu-
ally opted based on statistical  testing
to  build  the  prediction  model.  The





research  is  that  it  incorporates  the
Type  I  and  II  errors  and  prior  prob-
abilities of bankruptcy and non-bank-
ruptcy  in  the  computation  of  ZETA
c




tion  result  using  the  cut-off  score  as
the one stated in Hair et al. (1998), and




This  research  investigates  what
financial  ratios  distinguish  between
bankrupt  and  non-bankrupt  compa-
nies  and  makes  use  of  those  distin-
guishing  ratios  to  build  a  one-year
prior to bankruptcy prediction model.
This research also calculates how many
times  Type  I  error  is  more  costly
compared to Type II error. The costs
of Type I and Type II errors (cost of
misclassification  errors)  in  conjunc-








to  the  bankruptcy  prediction  result
using  Hair  et  al.  optimum  cutting









dependent  variable  (Beaver  1966/
1968; Altman 1968; Ohlson 1980;
Zain 1994; etc). However,  this  re-
search  applies  the  stock  based  in-
solvency  definition and  uses  nega-
tive equity as its dependent variable
(Avianti  2000).  In  consequence,
the term bankruptcy in this research
means  having a  negative  equity.









not  provide  external  validity.
3. No hold out sample is employed in
this  research;  hence,  prediction  is
limited to the original sample. The
reason  for  not  employing  the  hold
out sample is because of time con-
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sideration and  lack  of data,  which
until  the  point  this  research  was
concluded was not  available.
Research Benefits
This  research  is  deemed  to have
the  following  benefits:





stakeholders  of  a  company  in  as-
sessing and  making short-term  de-
cisions  regarding  the  company.
3. This  research  is  expected  to  be-
come a subject of information and/
or  consideration  for  developments
in  further  researches.
4. This  research  is  expected  to  start
and open a discourse of research in
Indonesia regarding bankruptcy pre-
diction  that  incorporates  cost  of
classification errors and prior prob-










2000).  Machfoedz  (1994)  in  Avianti
(2000) states that financial ratios can
be  used  to  predict  future  events  by




future  bankruptcy  by  developing  a
bankruptcy  prediction  model.  The
model  developed  in  this  research  is
purported  to  represent  financial  con-





two  categories  –stock  based  insol-
vency  and  legal  bankruptcy  (Avianti
2000). Previous  researches apply  the
legal bankruptcy definition as  its  de-
pendent  variable.  The  term  bankrupt
in  this  research  as  in  (Avianti  2000)
applies  the  stock  based  insolvency




value  of  liabilities  than  assets,  thus,











Court  in  Indonesia  was  formed  in
1998 and until the point this research
was  conducted,  there  were  only  very
few  bankruptcy  appeals.  Conse-
quently, it is very difficult to find data
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Different  researchers  often  de-
fine  the  term  bankruptcy  differently
and due to certain conditions and limi-
tations  thus  the  term  bankrupt  em-
ployed  in  this  research  is  companies
that have negative equities and for that




There  have  been  two  types  of
bankruptcy  prediction  studies.  The
first  (e.g., Beaver  1966)  looks at  the
relation  between  individual  account-
ing numbers or ratios and bankruptcy
(the  univariate  approach).  The  other
uses  several  ratios  to  predict  bank-
ruptcy  (the  multivariate  approach).
The univariate approach uses one ra-
tio  at  a  time  to  predict  failure.  It  is
likely  that different  ratios  reflect  dif-
ferent  aspects  of  the  firm’s  financial
position,  so better  predictions can be
obtained  by  using  combinations  of
ratios  instead  of  one  ratio.  For  this
reason,  the  multivariate  approach
quickly supplanted the univariate ap-
proach (Watts and Zimmerman 1986).
Several  researches  were  con-
ducted  in  the  bankruptcy  prediction
domain  (companies  predicted  do  not
include  banking  and  financial  sector
companies) as the followings: Beaver
(1966; 1968a; 1968b), Altman (1968;
1973),  Altman  and  Lorris  (1976),
Altman and McGough (1974), Altman




Dambolena  and  Khoury  (1980),
Zmijewski  (1984),  Mensah  (1983),
Gentry et al. (1987), Barniv and Raveh




research was  that  accounting data  in
forms of financial ratios have the abil-
ity  to  predict  failure  for  at  least  five
years prior to the failure. Beaver called
this approach as a profile analysis.
Altman  (1968)  used  the  multi-
variate  discriminant  analysis  (MDA)
to  predict  bankruptcy.  There  was  a
limitation in Altman’s model because
the  prediction  accuracy  for  predic-




Altman et  al.  (1977)  also devel-
oped  a  bankruptcy  prediction  model
using  the  MDA.  One  distinguishing
point of  this research amongst others
is  the  determination  of  the  cut-off
score.  Other  bankruptcy  prediction
researches  give  the  same  weight  be-
tween Type  I and Type  II errors and
prior probabilities of bankruptcy and
non-bankruptcy.  That  approach  is  in
contrast  with  this  research  that  uses
46









is 35  times more  costly  than Type  II
error.  Therefore,  the  cut-off  score
must weigh Type I error and Type II
error  differently.
Ohlson  (1980)  used  the  logistic
regression  analysis  and  developed  3
bankruptcy  prediction  models;  pre-
diction models  for one,  two, and  one
or two years prior to bankruptcy. The




ments  because  other  researches  as-
sumed that financial statements for the




Avianti  (2000)  built  bankruptcy
prediction  models  using  3  different
methods.  Each  method  was  used  to
build  3  bankruptcy  prediction  mod-
els-one  year,  two  years,  and  three
years  prior  to  bankruptcy;  hence,  9
models  were  successfully  developed.
The methods used to build the models
were  Linier  Discriminant  Analysis,
Linier  Discriminant  Analysis  com-
bined  with  Principal  Component
Analysis,  and  Logistic  Regression.
Different  financial  ratios  were  em-
ployed  as  the  predictor  variables  for
each  year  and  each  method.  Results
showed  that  the  linier  discriminant
model  was  superior  to  the  other  two
methods in performing predictions for
one  and  two  years  prior  to  bank-





that  financial  ratios  can  be  used  to
build a bankruptcy prediction model.
It has been proven that different sets of
data  will  result  in  different  models
(Altman  1968;  Altman  et  al.  1977;
Ohlson  1980;  Avianti  2000).  Since
financial  ratios  differ along  with dif-




cording  to  the  data  used  in  this  re-
search  (prediction  can  only  be  con-
ducted  if  any  characteristics  of  the
object being predicted do exist, which
in  this  case  the  objects  are  bankrupt
and  non-bankrupt  companies.  Thus
the characteristics that are expected to
differ  from  bankrupt  and  non-bank-
rupt companies are financial ratios of
both  groups).  On  the  basis  of  the




: Financial ratios differ between
bankrupt and non-bankrupt com-
panies.
If financial ratios that distinguish
between  bankrupt  and  non-bankrupt
companies  exist  then  those  financial
ratios  will be  used  to develop a  one-
year  prior  to  bankruptcy  prediction
model. This step is performed to fur-
ther  understand  whether  those  finan-
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cial ratios can be used to predict bank-
ruptcy  beforehand.  As  a  result  the





Financial ratios can be used to
predict bankruptcy beforehand.
Necessary  to  stress  on  are  re-
searches  of  Beaver  (1966),  Altman
(1968),  Ohlson  (1980)  and  Avianti




I  and  II  errors).   According  to
Zmijewski (1983) in Table 1, if Type
I error  is given a greater weight than








be  non-bankrupt  from  those  compa-
nies supposed to be predicted as bank-
rupt companies becomes smaller. On
the  contrary,  a  decrease  of  correctly
predicting  non-bankrupt  companies
means  that  the amount  of  companies
predicted  to  be  bankrupt  from  those
companies  supposed  to  be  predicted






lowing  hypothesis  is  formulated:
H
3
: The percentage of predicting bank-
rupt companies will become larger
by giving a greater weight on Type
I error than Type II error com-
pared to the percentage of predict-
ing bankrupt companies of a pre-
diction that gives the same weight




Thus,  expected  cost  of  classification
errors can be minimized since Type I
error  is  much  more  costly  compared
to  Type  II  error.  Consequently,  a
model with a cut-off score that gives a








: Bankruptcy prediction with a cut-
off score that incorporates prior
probability of bankruptcy and non-
bankruptcy and Type I and Type II




Sample of Building the
Bankruptcy Prediction Model
The  sampling  method  employed
in building  the bankruptcy prediction
model  is  the  matched  pair  sampling




ket  Directory  2000  and  2001,  while
the  size  of  companies  is  determined
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based  on  the  total  asset  average  in
accordance  with  Bapepam’s  regula-




mine  the  sizes  of  companies  are  ob-
tained  from  the  Indonesian  Capital
Market Directory 2000 and 2001.







1999  for  bankrupt  companies  of
2000.
2. Determine  non-bankrupt  compa-





The  list  of  bankrupt  and  non-
bankrupt companies  used  in  building
the one-year prior to bankruptcy pre-
diction  model  is  shown  in  Appendix
2.
Sample Used in Determining
Prior Probabilities
Prior probabilities of bankruptcy
are  calculated  using  the  numbers  of
bankrupt  companies  divided  by  total
companies listed on the Jakarta Stock
Exchange  for  years  of  1996,  1997,
1999, and 2000, while the calculation




for  years  of  1996,  1997,  1999,  and
2000.
Sample Used in Calculating Cost of




Bank  BNI,  Bank  BRI,  Bank  Niaga,
and Bank Danamon. All data used are
data  from  years  1996,  1997,  1999,
and 2000. Assuming that banking char-











classification  errors)  for  the  reason
that  in  year  1998  the  average  credit
interest  rate  and  the  Central  Bank




time  was  given.  The  unusual  high






Definition and Variables of
Prediction Model
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dent  variables  are  categorical  (non-
metric)  that  are  bankrupt  companies
and non-bankrupt companies. The in-









is  built  by  using  the  two-group  dis-
criminant analysis because the depen-
dent variables are non-metric and the
independent  variables  are  metric.
H
1
  is  tested  by  performing  the
Wilks Lambda test, which is a test of
equality  of  group  means  of  financial







nificance  level  under  5  percent  are
ratios  that distinguish between bank-
rupt groups and non-bankrupt groups.
If  any  financial  ratio  does  have  a
significance  value  under  5  percent




non-bankrupt  groups  are  selected  to
come  up  with  the  best  variate  (linier
combination) by applying the stepwise
selection  algorithm.  Financial  ratios
that constitute the best linier combina-
tion are  the final  financial  ratios  that
are  going  to  be  used  as  independent
variables in the discriminant function,
which  is  the  bankruptcy  prediction
model.  The  prediction  using  the  dis-




Description of Hair et al.
Optimum Cuting Score
A  cutting  score  is  necessary  in
performing prediction using discrimi-
nant  analysis.  A  cutting  score  is  the
criterion  (score)  against  which
individual’s  discriminant  score  is
judged to determine into which group
the  individual  should  be  classified.
Those  entities  whose Z scores  are
below  this  score  are  assigned  to  one
group,  while  those  whose  scores  are
above  it  are  classified  in  the  other
group (Hair et al. 1998).
According  to Hair  et  al.  (1998),
the  optimal  cutting  score  will  differ
depending on whether the sizes of the
groups  are  equal  or  unequal.  Since
this research applies the matched pair
sampling  method  by which  the  num-
ber  of  members  in  each  group  are
equal thus the formula to compute the
















= centroid  for  group  A  (bank-
rupt)
51
Iwan —Bankruptcy Prediction Model with ZETA
c 










)  is  computed  by  calculating  the


































ber  of  bankrupt  companies  with  the
total companies listed on JSX for each
year.  Prior  probability  of  non-bank-
ruptcy  (q
2
)  is  computed  by  dividing
the  number  of  non-bankrupt  compa-
nies with the total companies for each
year. Both prior probabilities of bank-






would  have  resulted  in  a  successful













=  r  –  i
r = effective interest rate on the loan,
which  is  computed as  follow:
CR = loans given in Rupiah
CF = loans  given  in  Foreign  cur-





TC = total  credit  distributed  (total
























r = (        x ILR) + (   x  ILF)LR                     LF
TL                     TL
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Type  I  error  with  the  probability  of







incorporate  the  cost  of Type  II  error
with the probability of non-bankruptcy
to understand the probability of Type




off  score  used  in  bankruptcy  predic-




to  bankruptcy  prediction  results  be-
tween  predictions  using  Hair  et  al.







The  prediction  results  between
predictions using Hair et al. optimum
cutting  score  and  predictions  using
ZETA
c
  optimal  cut-off  score  will  be
different.  The  differences  of  the  pre-
diction  results  are  difference  in  the








findings  that  are  organized  in  a  sys-
tematically  order.  The  findings  are
described based on the steps first con-
ducted  in  the  research.
Test of Equality of Group
Means of Financial Ratios of
Both Groups (Bankrupt and
Non-bankrupt)
Result  of  the  test  of  equality  of
group  means  using  Wilks  Lambda
showed that 22 financial ratios among





that  indicated  that  distinguishing  ra-
tios exist between bankrupt and non-
bankrupt  groups  is  supported.
Stepwise Selection Algorithm
The stepwise selection algorithm
is  performed  in  order  to  obtain  the
best variate (linier combination) from
the  22  distinguishing  financial  ratios
above, which will be used in the linier
discriminant  function.  Results  of  the
stepwise  selection  algorithm  showed
that only two financial ratios, i.e. net











one-year  prior  to  bankruptcy  predic-
tion can be seen in Table 3.
The one-year prior to bankruptcy
prediction model built  is  as  follows:
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Table 2. Significantly Different Financial Ratios between Bankrupt and Non-
bankrupt Groups




) 0.846 9.801 0.003
Quick assets to current liabilities (X
3
) 0.845 9.883 0.003
Current assets to current liabilities (X
4
) 0.798 13.695 0.001
Current assets to total liabilities (X
5
) 0.809 12.775 0.001
Earnings before taxes to sales (X
9
) 0.924 4.445 0.04
Gross profit to sales (X
10
) 0.927 4.258 0.044
Net income to sales (X
12
) 0.924 4.445 0.04
Current assets to total assets (X
19
) 0.909 5.434 0.024
Working capital to total assets (X
23
) 0.748 18.213 0
Total liabilities to current assets (X
24
) 0.765 16.59 0
Operating income to total liabilities (X
25
) 0.868 8.205 0.006
Current liabilities to total assets (X
26
) 0.759 17.18 0
Working capital to total assets (X
29
) 0.748 18.213 0
Quick assets to total assets (X
31
) 0.886 6.944 0.011
Net worth to total assets (X
36
) 0.494 55.346 0
Total liabilities to total assets (X
38
) 0.498 54.401 0
Net income to fixed assets (X
40
) 0.904 5.754 0.02
Earnings before income taxes to total assets (X
42
) 0.761 17.005 0
Net income to total assets (X
43
) 0.719 21.082 0
Sales to current liabilities (X
44
) 0.884 7.069 0.01
Net income to total liabilities (X
45
) 0.819 11.926 0.001
Net worth to total liabilities (X
47
) 0.785 14.758 0
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= net worth  to  total  liabilities
Computation of Hair et al.
Optimum Cutting Score
In  Appendix  1  the Z score  for
each  company  has  been  computed,
thus the centroids or the average of Z
scores  for  each  group  can  be  com-
puted as  follows:
Centroid  for
bankrupt  group = -1.247
Centroid  for  non-









prior  probability  of  bankruptcy  (q
1
)







cent  of  probability  of  bankruptcy  to
happen,  while  the  probability  of  a
company to not file for bankruptcy is
94.9058  percent.
Table  5  shows  the  Type  I  and
Type II errors in metric forms happen-
ing  in  year  1996,  1997,  1999,  and
2000 in Bank Niaga, Bank Danamon,
Bank BNI, and Bank BRI. From Table
5,  how  costly  Type  I  error  is  com-







the  result  is  59.83  (0.891/0.015).
-1.247  +  1.175
2






Year Bankrupt Non- Total





1996 1 210 211 0.00474 0.99526
1997 15 212 227 0.06608 0.93392
1999 9 225 234 0.03846 0.96154





    0.050943 0.949058
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Accordingly,  the  cost  incurred
by  the  occurrence  of  Type  I  error  is
59.83  times  more  than  the  cost  in-











cut-off  score,  where  the  calculation
will be elaborated below, is more tight
in predicting meaning that more com-
panies  will  be  predicted  as  bankrupt
while less companies will be predicted
as non-bankrupt compared to the pre-





off  score  is  more  conservative  and
more cost effective  compared  to pre-





























Table 5.Type I and Type II errors in metric forms of each bank in years of 1996,
1997, 1999, and 2000




Bank Niaga 1996 0.941 0.012
Bank Danamon 1996 1.000 0.029
Bank BNI 1996 0.749 -0.003
Bank BRI 1996 0.618 0.056
Bank Niaga 1997 0.838 0.045
Bank Danamon 1997 1.000 0.081
Bank BNI 1997 0.748 -0.002
Bank BRI 1997 0.738 0.045
Bank Niaga 1999 0.999 -0.084
Bank Danamon 1999 0.954 -0.050
Bank BNI 1999 0.994 -0.007
Bank BRI 1999 0.983 0.016
Bank Niaga 2000 0.997 -0.015
Bank Danamon 2000 0.985 0.014
Bank BNI 2000 0.979 0.036


















 for Each Bank in Years of 1996, 1997, 1999,
and 2000
















Bank Niaga 1996 0.941 0.012 0.005 0.995 0.004 0.012
Bank Danamon 1996 1.000 0.029 0.005 0.995 0.005 0.029
Bank BNI 1996 0.749 -0.003 0.005 0.995 0.004 -0.003
Bank BRI 1996 0.618 0.056 0.005 0.995 0.003 0.056








for year 1996 0.004 0.023
Bank Niaga 1997 0.838 0.045 0.066 0.934 0.055 0.042
Bank Danamon 1997 1.000 0.081 0.066 0.934 0.066 0.076
Bank BNI 1997 0.748 -0.002 0.066 0.934 0.049 -0.002
Bank BRI 1997 0.738 0.045 0.066 0.934 0.049 0.042








for year 1997 0.055
0.039
Bank Niaga 1999 0.999 -0.084 0.038 0.962 0.038 -0.081
Bank Danamon 1999 0.954 -0.050 0.038 0.962 0.037 -0.048
Bank BNI 1999 0.994 -0.007 0.038 0.962 0.038 -0.007
Bank BRI 1999 0.983 0.016 0.038 0.962 0.038 0.016








for year 1999 0.038
-0.030
Bank Niaga 2000 0.997 -0.015 0.094 0.906 0.094 -0.013
Bank Danamon 2000 0.985 0.014 0.094 0.906 0.093 0.013
Bank BNI 2000 0.979 0.036 0.094 0.906 0.092 0.032
Bank BRI 2000 0.738 0.065 0.094 0.906 0.070 0.059

































Prediction Results Using both Hair




The  one  year  prior  to  the  bank-
ruptcy prediction using either Hair et
al.  optimum  cutting  score  or  ZETA
c
optimal  cut-off  score  was  performed
by means of the “if  function”. Bank-
rupt companies were given a 0 (zero)
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rupt  group  (code  0)  and  if  incorrect





the  “if  function”  made  was  if  the  Z
discriminant  score  of  a  company  is
smaller than 1.198 then that company









are  shown  respectively  (see  Appen-
dix 1 for details of prediction results).
Table  8  elucidates  that  28  bankrupt
companies  from  the  overall  of  29
bankrupt  companies  were  correctly
classified and 24 non-bankrupt com-
panies  from  the  overall  of  29  non-
bankrupt  companies  were  correctly
classified.  Thus,  the  canonical  linier
discriminant  model  using Hair  et  al.
optimum cutting score predicted bank-
rupt companies as many as 33 compa-
nies  and  non-bankrupt  companies  as
many as 25 companies. It also can be
concluded  that  1  Type  I  error  and  5
Type II errors occurred from the pre-
diction.
Table 8. Prediction Results with Hair et al. Optimum Cutting Score
Classifications Predicted Group Membership
Bankrupt Non-bankrupt Total
Count Bankrupt 28 1 29
Non-bankrupt 5 24 29
% Bankrupt 96.5 3.5 100,0
Non-bankrupt 17.2 82.8 100,0
Table 9. Prediction results with ZETA
c
 Optimal Cut-Off Score
Classifications Predicted Group Membership
Bankrupt Non-bankrupt Total
Count Bankrupt 29 0 29
Non-bankrupt 14 15 29
% Bankrupt 100.0 0.0 100.0
Non-bankrupt 48.3 51.7 100.0
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Table 9 elucidates  that 29 bank-
rupt companies from the overall of 29
bankrupt  companies  were  correctly
classified  and  15  non-bankrupt  com-
panies  from  the  overall  of  29  non-
bankrupt  companies  were  correctly












tions  in  Tables  8  and  Table  9  that
predictions using Hair et al. optimum






imperil  more  because  by  putting  the
same weight between Type I error and
Type  II  error  will  result  in  the  same
opportunity  towards  the  occurrence





mal  cut-off  score,  it  is  more  safe  or
conservative because  the chance of a
certain  company  to  be  predicted  as
bankrupt  becomes  greater  (from  33
companies predicted as non-bankrupt
using Hair et al. optimum cutting to 43





predicted  as  non-bankrupt  becomes
smaller (from 25 companies predicted
as non-bankrupt using Hair et al. op-









dict  bankruptcy  before  hand  is  sup-
ported  based  on  both  prediction  re-
sults using Hair et al. optimum cutting




of  29  non-bankrupt  companies  were
also  correctly  predicted)  and  ZETA
c
optimal  cut-off  score  (all  bankrupt
companies  were  correctly  predicted
and 15 non-bankrupt companies from
the  overall  of  29  non-bankrupt  com-
panies  were  also  correctly  predicted)
H
3 
stated  that  the  percentage  of
predicting  bankrupt  companies  will
become  larger  by  giving  a  greater
weight on Type I than Type II errors




using  Hair  et  al.  optimum  cutting
score  that  puts  the  same  weight  be-
tween Type I errors and Type II errors
predict  bankrupt companies  as  many





as  much  of  59.83  times  more  costly











expected  costs  incurred  from  predic-
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error  that  occurred  in  the  prediction
using Hair  et  al.  optimum  cutting




  optimal  cut-off  score
that  successfully  deleted  the  Type  I
error even  though only as many as 1
Type  I error  compared  to Hair et  al.
optimum cutting score is better to use























to  the  use  of  Hair  et  al.  optimum
cutting score can be seen as  follows:





al.  optimum  cutting  score  will  cut














have  been developed  and  tested.  The
conclusions  are  as  follows:
1. Financial  ratios  do  in  fact  differ
between  bankrupt  and  non-bank-
rupt companies. The Wilks Lambda
statistical test proved that 22 ratios
differ  significantly  in  the  level  of





guish  bankrupt  and  non-bankrupt
companies can be used as variables
ZETAc Optimal Cut-Off Score Hair et al. Optimum Cutting Score
Type I error =  0 Type I error =  1
Type II errors =  14 Type II errors =  5
Type I error =  59.83 Type  II  error
Cost cut = 59.83 Type II error – 9 Type II errors
=  50.83  Type  II  errors
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of predictions in the one-year prior
to bankruptcy prediction model. The









3. Predictions  using  Hair  et  al.  opti-
mum  cutting  score  correctly  pre-
dicted 28 bankrupt companies from
the overall of 29 bankrupt compa-
nies  and  24  non-bankrupt  compa-





correctly  predicted  all  bankrupt
companies  and  15  non-bankrupt
companies  from  the  overall  of  29
non-bankrupt companies. Thus, this
study  documents  that  financial  ra-
tios  can  be  used  to  predict  bank-
ruptcy  beforehand.
4. Predictions  using  ZETA
c
  optimal
cut-off  score  that  puts  a  greater
weight on Type I error as much as
59.83 times more costly than Type






of 58  companies  and  predicted 15
non-bankrupt  companies  from  the
overall  sample  of  58  companies.
The  predictions  using  Hair  et  al.
optimum  cutting  score  predicted
bankrupt companies as many as 33
companies from the overall sample
of 58  companies  and  predicted 25
non-bankrupt  companies  from  the
overall  sample  of 58  companies.
From  the  one-year  prior  to  bank-
ruptcy prediction results,  it can be
concluded  that  the  use  of  ZETA
c





of  a  certain  company  to  be  pre-
dicted as bankrupt becomes greater
and  as  non-bankrupt  becomes
smaller.  In  other  words,  the  prob-
ability  of  occurrences  of  Type  I
errors  are  minimized.




Hair  et  al.  optimum  cutting  score
will  cut  costs  as  much  as  50.83
times  of  the  cost of Type  II  error.
For this reason, predictions of one-




safe,  cost  effective,  and  conserva-
tive,  in  performing  predictions.
Recomendations
1. Up  to  now,  independent  variables
used  to  distinguish  between  bank-
rupt  and  non-bankrupt  companies
and then for performing bankruptcy
predictions are  merely  from  finan-
cial  statement  data  published  by
companies. There  is a great possi-
bility that market data such as stock
price,  market  capitalization  of  a
company,  macro-economic  condi-
tion,  etc  can  be  used  to  predict
bankruptcy beforehand. Further re-
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2. The  sample  of  bankrupt  and  non-
bankrupt companies in building the
one-year  prior  to  bankruptcy  pre-
diction model  is  limited  to compa-
nies listed on JSX in years of 1999
and  2000.  Further  research  is  ex-
pected to use wider range of pooled







only  uses  two  state-owned  banks
and two private owned banks. It is
expected that a specific research is
conducted  to  investigate  the  cost







research, “Lending error costs for
commercial banks: Some concep-
tual and empirical issues, Journal
of Commercial Bank Lending, Oc-
tober”.
4. This research did not use a hold out





ruptcy  prediction  model)  in  order
to  validate  the  model  and  cut-off
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APPENDIX
Appendix 1
Hair et al. ZETA
c
Code (Constant) 10.086 -0.824 Z Optimum Optimal
X36 X47 Cutting Cut-Off
Score
0 -2,060 0,097 0,108 -1,167 0 0
0 -2,060 0,036 0,037 -1,726 0 0
0 -2,060 0,128 0,147 -0,891 0 0
0 -2,060 0,083 0,090 -1,301 0 0
0 -2,060 0,002 0,002 -2,045 0 0
0 -2,060 0,144 0,168 -0,750 0 0
0 -2,060 0,249 0,332 0,180 1 0
0 -2,060 0,144 0,168 -0,751 0 0
0 -2,060 0,175 0,212 -0,471 0 0
0 -2,060 0,015 0,015 -1,922 0 0
0 -2,060 0,102 0,114 -1,121 0 0
0 -2,060 0,173 0,209 -0,489 0 0
0 -2,060 0,086 0,094 -1,270 0 0
0 -2,060 0,100 0,111 -1,146 0 0
0 -2,060 0,065 0,069 -1,462 0 0
0 -2,060 0,036 0,037 -1,728 0 0
0 -2,060 0,009 0,009 -1,977 0 0
0 -2,060 0,065 0,069 -1,464 0 0
0 -2,060 0,042 0,043 -1,676 0 0
0 -2,060 0,086 0,094 -1,273 0 0
0 -2,060 0,007 0,008 -1,991 0 0
0 -2,060 0,095 0,104 -1,193 0 0
0 -2,060 0,134 0,154 -0,839 0 0
0 -2,060 0,087 0,095 -1,260 0 0
0 -2,060 0,085 0,093 -1,278 0 0
0 -2,060 0,001 0,001 -2,051 0 0
0 -2,060 0,092 0,101 -1,218 0 0
0 -2,060 0,154 0,181 -0,661 0 0
0 -2,060 0,091 0,098 -1,218 0 0
1 -2,060 0,731 2,718 3,074 1 1
1 -2,060 0,385 0,626 1,308 1 1
1 -2,060 0,163 0,195 -0,572 0 0
1 -2,060 0,304 0,437 0,645 1 0
1 -2,060 0,297 0,422 0,585 1 0
1 -2,060 0,522 1,092 2,305 1 1
1 -2,060 0,802 4,043 2,694 1 1
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Continued from Appendix 1
Hair et al. ZETA
c
Code (Constant) 10.086 -0.824 Z Optimum Optimal
X36 X47 Cutting Cut-Off
Score
1 -2,060 0,849 5,636 1,862 1 1
1 -2,060 0,477 0,911 1,998 1 1
1 -2,060 0,058 0,061 -1,527 0 0
1 -2,060 0,690 2,223 3,065 1 1
1 -2,060 0,305 0,438 0,653 1 0
1 -2,060 0,533 1,141 2,375 1 1
1 -2,060 0,241 0,317 0,108 1 0
1 -2,060 0,596 1,477 2,737 1 1
1 -2,060 0,229 0,298 0,008 1 0
1 -2,060 0,253 0,339 0,214 1 0
1 -2,060 0,836 5,084 2,179 1 1
1 -2,060 0,880 7,320 0,782 1 0
1 -2,060 0,186 0,217 -0,365 0 0
1 -2,060 0,135 0,156 -0,826 0 0
1 -2,060 0,641 1,782 2,932 1 1
1 -2,060 0,371 0,590 1,197 1 1
1 -2,060 0,267 0,364 0,332 1 0
1 -2,060 0,505 1,020 2,193 1 1
1 -2,060 0,502 1,007 2,171 1 1
1 -2,060 0,355 0,552 1,071 1 0
1 -2,060 0,145 0,170 -0,734 0 0
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Appendix 2. Sample of Bankrupt and Non-bankrupt Companies
No. Bankrupt Companies Non-bankrupt Companies
1 PT Citatah Industri Marmer Tbk PT Aneka Tambang Tbk
2 PT Prasidha Aneka Niaga Tbk PT Multi Bintang Indonesia Tbk
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Appendix 3. Financial Ratios Used to Build the One-Year Prior to
Bankruptcy Prediction Model
No. Financial Ratios Abbreviation
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Continued from Appendix 3







































Return on Investment (VIII)
39. Earnings before taxes to net worth (X
39
) EBTNW
40. Net income to fixed assets (X
40
) NIFA
41. Net income to net worth (X
41
) NINW
42. Earnings before taxes to total assets (X
42
) EBTTA
43. Net income to total assets (X
43
) NITA
Equity (IX)
44. Sales to current liabilities (X
44
) SCL
45. Net income to total liabilities (X
45
) NITL
46. Current liabilities to net worth (X
46
) CLNW
47. Net worth to total liabilities (X
47
) NWTL
